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ABSTRACT
The purpose of this paper is to develop an understanding of how technological
performance of the firm is embedded in a social network of interorganizational
relationships. The set of past and present interorganizational relationships is aggregated
into the social capital of the firm. Social capital, through diversity of partnerships as
measured by closeness centrality, and through number of partners with repeated
transactions, arguably facilitates the firm's access to external information and other
resources. This study therefore proposes that firms with greater access to social capital
are likely to have higher technological performance, as measured by whether these firms
obtain technical excellence awards for their new products. The study reports on a pooled
time-series analysis of 50 of the top firms in the connectivity market of the U.S. data
communications industry from 1991-1996. The findings suggest that social capital is
significantly and positively correlated with the technological performance of the firm.
However, the correlation is weakened by the presence of unobserved firm effects.
Finally, no statistical difference between a cumulated measure and a three-year measure
of social capital is found.
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1. Introduction
Organization theorists and strategic management scholars alike have long studied
the determinants, formation and coordination of interorganizational relationships.
Excellent literature reviews can be found in Borys and Jemison (1989), Galaskiewicz
(1985), Harrigan (1985), Kogut (1988), Oliver (1990), Pennings (1981) and Ring and
Van de Ven (1992). From the strategic management perspective, interorganizational
relationships in the form of strategic alliances create joint values (Hagedoorn 1993;
Harrigan 1987) as well as shift the relative bargaining positions of the partnering firms
(Hamel 1991; Yan & Gray 1994). In contrast, organizational theorists posit that
organizational goals are embedded in the social relations within the organization, and
between the organization and its environment consisting of other organizations
(Thompson & McEwen 1958).
In fact, the sociological school of thought suggests that interorganizational
relationships have more fundamental implications on the evolution of organizational
environment (Stinchcombe 1965; DiMaggio & Powell 1983). The emergence of
economic institutions is a consequence of resource mobilization embedded in social
relations (Granovetter 1985). The social relations established and maintained by
members of a firm create the foreground for communications of information and
exchange of resources between the firm and its environment. The set of past and present
social relations thus aggregates into the social capital of the firm, upon which the firm is
dependent for its external sources of support. This definition of social capital is in line
1
with Coleman's explanation of social relations as a form of social capital achieving
organizational stability by maintaining a position within the social structure, even though
the individual members of the organizations are not stable (Coleman 1990).
Uzzi (1997) asserts that the studies of embeddedness comprised of social relations
will advance our understanding of how social structure affects economic life. However,
the sociological frameworks thus far have lacked the explicit definition of social
embeddedness and how it shapes the economic behavior of the firm (Uzzi 1997). Two
recent scholarly works have marked an excellent lead in this economic sociological
research, namely, Podolny (1994) and Uzzi (1996). Podolny (1994) found that
investment banks responded to market uncertainty by engaging in exchange transactions
with those with whom they have prior relationships and with those of similar
organizational status. Uzzi (1996) studied how organizations gained access through
networking relations to unique economic opportunities and information, and achieved
higher rate of survival relative to their counterpart firms that operated via arm's-length
market relations. Both works pointed out the importance of social relations as sources of
external information which reduces market uncertainty and shapes the economic
perceptions of firms.
This paper aims to extend the understanding of social embeddedness under the
social capital view of the firm. We argue that social capital can be maintained through
diverse partnerships and repeated transactions in gaining access to external information
and other resources. The social capital of the firm thus yields economic opportunities that
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shape the behavior of the firm. On the contrary, our previous study suggests that
technological performance of the firm might also affect how the firm activates its
potential social capital in the environment (Soh & Roberts 1998a). Hence, the study is
focused on the relationship between social capital and technological performance of firms
within a technological field.
A firm's technological performance is in this study referred to as technical
excellence of new products and measured by whether the firm has won awards for its new
products. The amount of social capital is determined by the position of the firm in a
network of past and present interorganizational relationships. It is measured by
"closeness centrality", a concept commonly applied in social network theory, and the
number of partners with repeated transactions. Closeness centrality indicates how central
(or close) a firm is relative to all other firms in a social network. By being more central in
the social network the firm is more likely to gain access to diverse resources and
information. On the other hand, the number of partners with repeated transactions
indicates how intensely the firm is involved in information exchange with others in the
social network.
The study conducts a pooled time-series analysis of 50 of top firms in one market
segment of the data communications industry from 1991 to 1996, drawing on quantitative
and qualitative data from public sources and field interviews. Technology alliances,
which had been intended for the exchange of technical knowledge between two partners,
are used to represent interorganizational relationships. The findings suggest that social
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capital is significantly and positively correlated with technological performance.
However, the correlation is weakened by the presence of unobserved firm effects. Further
investigation reveals that the confounding factors may operate through organizational
biases in selecting technology alliances. Nevertheless, the field evidence alludes to the
potential information benefits arising from interaction between two partners.
The paper begins in section 2 with the development of hypotheses building on
theoretical literature. Research design and data are described in section 3 and statistical
method in section 4. Section 5 shows the results and section 6 presents a discussion of
their implications. The essay concludes in section 7 with suggested directions for further
research in section 8.
2. Social Capital and Technological Performance
The notion of social capital stems from two concepts related to social network
theory (Burt 1992a; Coleman 1990). First, social network facilitates resource
mobilization. The external resources available to any one firm in the social network are
contingent upon the resources available to other firms socially proximate to the focal
firm. Through interaction, firms exchange information, other resources, products and
services. The set of past and present social relations in a social network is thus
aggregated into the social capital of the firm, upon which the firm is dependent for its
external sources of support. As the diversity of interaction increases, whether with the
same partners or not, the amount of social capital accrued to the firm is also expanded.
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Second, the network structure itself is a form of social capital. Firms that actively
reproduce and sustain their own social relations in order to create new opportunities know
which other firms to include in their social networks. Individual firms have made
investments in their relations with others and developed knowledge about their parts of
the network (Hakansson & Johanson 1988). The extent to which a firm can reach out to
certain other firms in the network thus determines the level of social capital accessible to
the firm.
The type of social capital described above is referred to as "structural
embeddedness", which implies how economic behavior of the firm can be shaped by its
own position with respect to other firms in the social network (Granovetter 1992). Burt
(1992b) argues that under imperfect competition, the social capital of the firm can be
critical to the competitive position of the firm. Competing firms have differential access
to information and resources in the environment through their social capital. This
assumption is also consistent with the assertion made by Thorelli (1986) and Jarillo
(1988), that is, interorganizational networks produce strategic value to individual
partners.
From the technology management perspective, social capital reflects the
accessibility of external sources in the process of innovation. The strategic implications
of social capital thus raise an empirical question that has yet been answered: how is social
capital related to technological performance of the firm? The literature of innovation has
informed us that external sources of knowledge are critical to innovation (Arora &
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Gambardella 1994; Freeman 1994; Iansiti & Clark 1994; Utterback 1994). Pennings and
Harianto (1992) found that interfirm networking experience affects the probability of
technological innovation undertaken by a firm. Ebadi and Utterback (1984) demonstrated
that network cohesiveness between research and commercial organizations is positively
correlated with the success of technological innovation. Accordingly, collaborative
agreements have been used increasingly as a competitive mechanism to assimilate
external resources and to reduce environmental uncertainty (Hagedoorn 1993; Hamel
1991; Lei & Slocum 1992; Pfeffer & Nowak 1976; Roberts 1980). Under these
circumstances, a firm that is endowed with greater amount of social capital by virtue of
maintaining diversity of collaborative partnerships will have better access to external
knowledge and opportunities. Therefore,
Hypothesis 1. Firms that access greater social capital through diversity of
partnerships are likely to have higher technological performance, and vice versa,
all other things equal.
While diversity of partnerships indicates the degree of external sources accessible
to the firm, reliable and thick information is transferred only through relationships which
generate trust and reciprocity (Coleman 1990; Larson 1992; Uzzi 1996). Granovetter
(1992) refers to this type of relationships as "relational embeddedness". Studies have
found that relational embeddedness maintained by individual firms is an important
determinant of future relationships in a stable social network (Gulati 1995b; Larson 1992;
Walker et al. 1997). Networking relations involve individuals engaging in reciprocal,
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preferential and mutually supportive actions (Powell 1990). As more exchanges take
place, every individual is assumed to have developed mutual understanding that becomes
the primary basis for communication and coordination (Eccles 1981).
Indeed, Gulati (1995a) found that repeated transactions between firms engender
trust that is manifested in the governance structure for subsequent relationships.
Repeated transactions lead to "soft" governance structures that overshadow the
contractual relations, thus enhancing the channels for information transfer. Richardson
(1972) argued that "qualitative coordination" often involves the exchange of skills and
knowledge. von Hippel (1987) and Schrader (1991) observed that informal relationships
between engineers from rival firms do facilitate the exchange of know-how. Hence, the
increased flows of thick information in repeated transactions imply a greater intensity of
social capital developed and exchanged for the firm. Therefore,
Hypothesis 2. Firms that access greater social capital through diversity of
partners with repeated transactions are likely to have higher technological
performance, and vice versa, all other things equal.
The discussion thus far has focused on social proximity (direct and indirect
relations) in a social network as an indicator of social capital. Several studies suggest that
geographical proximity has significant implications on the intensity of exchange relations
(Dorfman 1983; Glasmeier 1991; Kenney & Florida 1994; Saxenian 1991). These studies
found that regional history, economics and cultural norms have each conditioned the
creation of social relations over time. In addition, dynamic and flexible regional
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production systems are composed of a complex web of relationships among suppliers,
customers, regulatory agencies, universities and other institutions.
Glasmeier (1991) argues that given the concentration of numerous producers,
customers and other institutions supporting the particular region, firms with
complementary assets are able to form partnerships more rapidly in response to
technological threats from outside the region. In some regions long-term relationships are
perceived to be the general norm, thus promoting the diffusion of technical knowledge
within individual regions (Saxenian 1991). The social dynamics of these regions further
induce the firms to draw their social capital from the local environment. Therefore, a
regional effect may explain the level of social capital available to individual firms, which
correlates with the technological performance of the firms. Hence,
Hypothesis 3. There should be some correlations between regional locations and
variation in technological performance of the firms, all other things equal.
3. Research Design and Data
3.1 Research Setting
The difficulty of conducting research built on social network theory is to define
the boundary for a system of organizations and to link the structure of social relations to
the behaviors of the firms (Marsden 1990). Two criteria were used to select sample
interorganizational relationships and a technological field. First, we wanted to focus on
specific interorganizational relationships that are common for access to skills and
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technical knowledge. Second, we wanted a research setting that is specific to the
development of system-component innovations, which is different from the network
studies that are based on the biotechnology industry (Barley, et al. 1992; Powell and
Brantley 1992; Clarysse, et al. 1996; Walker, et al. 1997).
We eventually selected the data communications industry as the research setting.
It is an emerging industry with relatively short history of technological innovation, about
20 years now, but sufficiently long for longitudinal investigation. Information is
exchanged between firms in the industry through trade and technical publications, trade
associations, professional conferences, standards meetings, staff mobility, informal
relations and formal alliances. However, the detailed exchange activities in most of these
settings cannot be captured systematically over time. Consequently, formal alliances
which are widely reported in news and trade publications and which are directly
accessible from public sources were selected for the study. In most alliances the intensity
of information exchanged is considerably high since both negotiations and staff
involvement commonly take place at several organizational levels.
In the study we differentiated technology alliances from business alliances.
Technology alliances are defined as developmental activities involving the transfer of
technical knowledge between partners whereas business alliances refer to marketing,
distribution, product bundling, OEM and value-added reselling activities. The study has
included only technology alliances in the analysis. We also excluded standards-setting
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alliances since the company executives we spoke to claimed that the sole purpose of these
alliances was to accelerate the formalization of standard specifications.
3.2 Sample Firms in the Data Communications Industry
The sample for the study consists of 50 of the top vendors by 1994 and 1995
revenues in the Local Area Network/Wide Area Network (LAN/WAN) connectivity
market segment of the U.S. data communications industry.' 42 of them design and
manufacture only networking products whereas the other 8 are computer and
telecommunications companies with substantial interests in the overall data
communications industry.2
Today the LAN/WAN market is dominated by four vendors: 3Com, Bay
Networks, Cabletron, and Cisco. The former three vendors have revenues of 1-2 billion
dollars a year whereas Cisco is the largest by far, reaching 4 billion dollars in 1996.3
Other important vendors whose large installed base in the traditional computing business
is giving them an edge in the data communications industry are DEC, HP and IBM. On
the software front, Microsoft and Novell are important vendors for networking operating
systems.
NetworkWorld, December 30, 1996.
2 See Appendix D for the list of networking vendors included in the study.
3 Marina Smith, "LANs & Internetworking Strategic Analysis 1997," Datapro Information Services Group,
Delran, New Jersey, March 1997.
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3.3 Technology Alliances
Two major databases, namely, Lexis/Nexis and Dow Jones Wires, were used for
retrieval of the full-text reports of technology alliances. The technology alliance
agreements relate mainly to joint product development and licensing activities. However,
many of these agreements often include the options for marketing and distribution. The
number of reported technology alliances has been increasing from 1989.
Figure 1 below divides the alliances established each year into two main groups:
1) alliances formed among the 50 sample firms only, and 2) alliances formed by the 50
sample firms involving 120 additional partners. The average number of alliances per year
formed by the 50 sample firms is 60.75 and the total number of alliances from 1989 to
1996 is 486. The average number of alliances wholly among the 50 sample firms is 33.62
per year and the total is 269 from 1989-1996. Slightly more than 50% of the total
alliances are established wholly among the sample firms, forming a dense
interorganizational network over an 8-year period.
Figure 1. Number of Alliances Established by
Sample Firms, 1989-1996
'JtJtJ
500
400 -
300
200 -
100
0
1989 1990 1991 1992 1993 1994 1995 1996
11
- Alliances among
sample firms
-- Alliances including
additional partners
- . Total by sample
firms only
-- Total including
additional partners
:7
X
1 V:=V
l
I
3.4 Dependent Variable
The technological performance of the firm is exhibited in the products made by
the firm, with the measure used here being the product awards conferred by trade
publishers who conduct benchmarking tests and.by panels of judges consisting of either
industry analysts or users. New products shipped within the last 9-12 months are selected
for evaluations and awards are conferred in the same year. The award information is
published yearly by several trade publications. A binary variable is created to take the
value one when the sample firm receives a product award in a particular year and zero
otherwise. Appendix E lists the selected publications from which the award data were
compiled.
The appropriateness of award data as an indicator for technological performance
was tested by correlating the data with an additional source of information on
technological leadership in the data communications industry. In a field survey we asked
the sample firms to identify the top three technological leaders in their industry. Only 23
firms provided the information but the correlation between award data and the number of
citations for individual firms turned out to be statistically significant at the 5% level (see
Tables F-2 and F-3 in Appendix F). Incidentally, International Data Corporation (IDC)
conducted a survey in 1996 asking both public and private network service providers to
rank the networking vendors who supply them the various wide area network access
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equipment.4 The ranking results appear to be closely correlated with the field survey. 5
Finally, we split the award sample into technical excellence awards based on
benchmarking tests and product awards based on editors' and readers' choice. Similarly
we found the correlation between the two award groups to be statistically significant at
the 5% level (See Table F-3 in Appendix F).
Patent data are obvious as a possible alternative measure for technological
performance. Preliminary search in the U.S. patent database found numerous patents that
can be classified as networking related components. However, the importance of patents
for each sample firm cannot be determined easily from the cross-references of patents
without the careful evaluation by industry experts. In addition, the company executives
whom we interviewed also generally discounted the use of patent data since many firms
which have now become among the leading firms in this industry did not actively patent
their innovations in the 1980s.
During the last several years, the use of patents has become an important strategy
to protect own innovations as well as to obtain licensing fees, and companies are now
filing as many patents as they can. So far, the few larger firms in the sample including
DEC, IBM, and Lucent Technologies have the highest number of patents awarded, given
that they historically had an early lead in their patent activities. On the other hand, many
other networking vendors whose products are equally competitive and technically
4 Robertson, C. and Lee Doyle, "WAN Equipment Sales into and through Public, Private, and Internet
Service Providers," International Data Corporation, vol. 1, IDC# 12745, 1997. Internet:
http://www.idcresearch.com.
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excellent, if not better, have numerous patents that are still pending.6 Owing to the above
reasons, we have decided to not attempt to use patent data as the measure for
technological performance.
Nonetheless, the award data are not without data measurement problems. First,
not all products or firms are selected for evaluation either because the products do not
meet the entry requirements or because the new products from particular firms are not yet
available. The industry analysts claimed that they screen as many new products shipped
within the year as possible and disqualify products that generally have lower performance
specifications. Second, many products which perform marginally below the best product
do not receive awards but are identified as finalists among the recommended products.
Technically, the difference between award winning products and recommended products
in these competitions may be marginal in many instances.
We dealt with the above issues in three ways. First, we combined the award data
from as many trade publications as possible so as to improve the coverage of product
types and firms. More specifically, we selected 8 commonly read trade publications in
the industry from 1991 to 1996.7 Second, since not all firms ship their products in the
same calendar year, we combined two years' award data into a single period of
observation. The corresponding periods are 1991-1992, 1992-1993, 1993-1994, 1994-
1995, and 1995-1996. The average product development life cycle for networking
14
5 Appendix F presents Tables F-2 and F-4 for the respective survey results.
6 One leading firm founded in late 1970s claimed that at present they hold about 30 patents but more than a
hundred patents pending for approval.
hardware in the industry is about 9-16 months.8 So, a two-year observation period for the
technological performance of the firm is reasonable. Third, where information is
available we treated firms whose products are recommended as finalists to be the same as
award winners.
3.5 Independent Variables
The next concern of data measurement is to assess the extent of past alliances, i.e.
the social capital available to individual firms. According to social network theory,
information spreads more efficiently through close proximities among connected firms in
the social network. Access to reliable information can occur through the shortest social
distance (or geodesic distance) between any pair of firms. For example, two firms may
learn of each other through a common partner if no prior relationships exist between the
two firms, in which case their geodesic distance is 2. Social proximities through direct
and indirect relationships therefore indicate the extent to which external resources are
accessible. In social network analysis, a firm's social proximities to all other firms within
a network of connected firms can be measured by closeness centrality, which serves here
as the primary proxy for social capital.9
7 Appendix E lists the trade publications from which we collected the award data.
8 Some company executives claimed that for new software products the development time can be as short as
3 months.
9 Appendix A provides a short description of centrality measures, including the mathematical formula for
closeness centrality. For further details refer to the text, "Social Network Analysis: Methods and
Applications," Chapter 5, Stanley Wasserman and Katherine Faust, 1994, NY, New York: Cambridge
University Press.
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Two other independent variables are the number of partners with repeated
transactions and the regional locations of the sample firms. For each firm, the number of
former partners with new alliance agreements each year was gathered from the full-text
news in Dow Jones Wires and Lexis/Nexis.
The regional locations of the sample firms are determined by the state locations in
which they operate their networking businesses. According to the arguments by regional
economists, firms that are located in regions that attract greater resources in terms of
capital investments, labor, and other benefits are likely to have greater economic
opportunities. According to the CorpTech Directory published in 1997, California is the
highest ranking state in growth of emerging computer hardware companies.
Massachusetts was ranked eighth and Texas was not among the top 10.10 In terms of
projected high-technology job growth, California came top again, but Texas was ranked
higher than Massachusetts. Among the sample firms, the numbers of firms located in
California, Massachusetts and Texas are 15, 11, and 6 respectively." Three dummy
variables are used to represent the three state locations. 16 other firms are located in
several states across U.S., including Oregon, North Carolina and so on.
'O The CorpTech Directory, Corporate Technology Information Services, Inc. Woburn, MA.
Internet:http//www.corptech.com.
ll See the sample list in Appendix D.
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3.6 Control Variables
The final source of concern is that a firm's technological performance may be
affected by two other factors. First, the availability of R&D resources has a direct impact
on the outcome of technological innovation inside a firm. This proposition is consistent
with the resource-based view of the firm (Cohen & Mowery 1984; Peteraf 1993;
Wernerfelt 1984). The R&D activities are firm-specific, representing the heterogeneity of
firms' assets in an industry (Helfat 1994). The R&D assets are also immobile and
difficult to replicate, providing sources of sustaining competitive advantage to the firm
(Barney 1991). Technological performance is therefore contingent upon the availability
of R&D resources, which are measured for each firm by the amount of R&D investments
per year. We collected the data for R&D investments from both the Compustat financial
database and company financial reports.
Second, the extent to which the firm has exploited its existing skills and
knowledge through numerous product development life cycles has an impact on its
technological performance. Kogut and Zander (1992) argue that organizational
knowledge is created by experiential learning and is a recombination and extension of
existing knowledge base. Richardson (1972) points out that firms tend to specialize in
similar activities for which their capabilities offer greater competitive advantage. This
proposition is in accord with the evolutionary theory of organization explained by Nelson
and Winter (1982). The emergence of new organizational routines is dependent on prior
organizational knowledge. Therefore, the number of years a firm has operated its
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business and the size of the firm by revenues may indicate the extent to which the firm
has exploited existing skills and knowledge in new product development. Founding years
for the firms or their networking divisions were obtained from the 1997 CorpTech
Directory and sales revenues were from the Compustat financial database. Table 1 below
presents a summary of all variables.
Table 1. Definitions and Predicted Signs of Variables
Variable Definition and Hypothesis (H) Predicted Sign
Technological Performance
Award Award is set to 1 when the firm wins an award for its new Dependent
products and zero otherwise in each observation period. variable
Social Capital
Diversity of Partnerships - Closeness centrality is a firm-level index, indicating how central
Closeness Centrality the firm is relative to all other firms in the social network. It is a
normalized value ranging from 0 to 100 in percentages. When +
the index equals 100, it means the firm is maximally close to all
other firms. When the index equals 0, one or more firms are not
reachable from the firm in question.
H 1: Firms that access greater social capital through diversity of
partnerships are likely to have higher technological performance,
and vice versa.
Diversity of Partners with The number of different partners with repeated transactions +
Repeated Transactions indicates the intensity of relationships the firm has established in
-Number of Repeated the social network.
Partners H2: Firms that access greater social capital through diversity of
partners with repeated transactions are likely to have higher
technological performance, and vice versa.
Regional Location
California CA, MA and TX are dummy variables for California, +,
Massachusetts Massachusetts and Texas; the variable is set to 1 if the firm is
Texas located in that state.
H3: There should be some correlations between regional
locations and variation in technological performance of the firms.
Control Variables
R&D Resources The amount of R&D investments represents the availability of +
- R&D Investments ($m) resources for R&D activities.
Firm Size Sales revenues reflect the extensiveness of the firm in exploiting +
-Sales Revenues ($m) current business operations. The sales figures indicate last year
prior to product award conferred.
Number of Years in Business The number of years since the founding of the firm or the +
division reflects its exploitation of existing skills and knowledge.
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3.7 Sample Cases for Social Capital and Technological Performance
Since the technological performance of the firm is measured by aggregating two
years' award data into one observation, there are three practical considerations in
constructing the measure for social capital. First, the information benefits arising from
technology alliances may manifest in technological performance two years after the most
recent alliance was formed (or a lag effect in the social capital exists). Considering the
length of product development is about 9-16 months on the average, we also analyzed the
effect of social capital on technological performance one additional period later. More
specifically, we asked two empirical questions: 1) Did the firm win an award within the
first two years? and 2) Did the firm win an award within the next two years? In other
words, the level of social capital in 1991 is paired with the technological performance in
1991 - 1992 and 1992-1993 respectively.
Second, since the social capital of the firm is reflected in the extensiveness of past
and present alliances, the base year from which technology alliances are to be
incorporated in the closeness centrality measure is an important consideration. We
decided upon 1989 as the base year for two reasons: 1) the data for technology
agreements are more readily available in Lexis/Nexis and Dow Jones Wires from about
1989; 2) from about 1989 the emerging trend of interoperability began to shape some of
the standards that are now prominent in the data communications industry.
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Third, it is unclear how long is the period of time over which the social relations
arising from terminated alliances have influence upon present technological performance.
One possibility is to assume that all social relations continue to moderate the economic
behavior of the firm even after the formal agreements have long been terminated.
Another possibility is to consider alliances formed within the last few years, assuming
that only the most recent relationships will have significant impact on the economic
behavior of the firm. Since the data communications technologies are changing rapidly,
technology alliances that have been established too long ago may have lost their relevance
in the present competitive environment. Nevertheless, we analyzed both scenarios of
cumulative impact and impact from the past three years only and examined the difference
in the statistical results. Table 2 below indicates the structure for assessing corresponding
social capital and technological performance in each period.
Table 2. Time-series Data Pattern for Social Capital and Technological Performance
Did the firm win an award within the first Did the firm win an award within the next
two years? two years?
P Yearly Two-year Three-year Two-year Yearly Next Three-year Next
S.C. Award I S.C. Award S.C. Two-year S.C. Two-year
Award Award
1 89-91 91-92 89-91 91-92 89-91 92-93 89-91 92-93
2 89-92 92-93 90-92 92-93 1 89-92 93-94 90-92 93-94
3 89-93 93-94 1 91-93 93-94 89-93 94-95 1 91-93 94-95
4 89-94 94-95 1 92-94 94-95 89-94 95-96 92-94 95-96
5 89-95 95-96 I 93-95 95-96
P is observation period; S.C. is social capital.
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3.8 Descriptive Statistics and Correlation Matrix
Table 3 shows the descriptive statistics and correlation matrix for the first two-
year award, yearly social capital and all other explanatory variables across 50 firms and
five observation periods (1991-1992, 1992-1993, 1993-1994, 1994-1995, 1995-1996).
Moreover, the patterns indicated by the correlation matrices (see Appendix G) for three
other cases specified in Table 2 are the same as in Table 3.
Most important, closeness centrality and the number of partners with repeated
transactions are significantly and positively correlated with award. Both the amounts of
R&D investments and sales revenues are significantly and positively correlated with
award, closeness centrality and the number of repeated partners respectively. Note that
R&D investments and sales revenues are also highly correlated. Interestingly, firm
location in Texas is significantly and negatively correlated with award. Finally, years in
business is significantly and negatively correlated with firm location in California but
positively correlated with firm location in Texas.
Table 3. Descriptive Statistics and Correlation Matrix
Variable Mea S.D. Min Max 1 2 3 4 5 6 7 8 9
n
1. Award 0.4 0.49 0 I .(X)
2. Closeness centrality 29 20 0 62.5 0.44w I(X)
3. No. of repeated partners (0.71 1.48 9 0.49 0.4' L.(X)
4. California location (0.33 0.47 0 I (.( 0.05 0.03 .1)
5. Massachusetts location 0.21 (.41 0 I ((4 401 41.05 -0.361' lX)
6. Texas location 0.13 0.33 1 4.18' 4).05 -0.10 4).27' -0.19' 1i0)
7. R&D investments ($m) 399.9 991 0.77 5227 0.21' 0.36' 0.49* 4).(9 -0.11 4.08 I.(X)
8. Sales revenues ($m) 5380 15366 2.37 79609 0.19 0.33' 0.49* -1.13 -0.12 -0.07 0.97' I.(X)
9. Years in business 13.04 6.92 1 29 -0.02 0.)06 0.04 -0.33' 0.08 0.27+ 0.01 4).(X)4 I.(X)
* p < 0.05; N= 239 obs., 50 firms, 1991-1996
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4. Statistical Method
Given that the data consist of time-series and cross-sectional variations, a pooled
time-series model is recommended (Sayrs 1989). We selected the panel probit model
since the dependent variable has binary data and the model allows for random effects to
treat firm heterogeneity explicitly (Greene 1997:896-898).
The base panel probit model is
Yit= 'Xit +y'Zi + Vit, yit = 0 or 1, i = 1,...,N, t = 1,...,T
where xit and zi are kx I and k2 x 1 vectors of time-variant and time-invariant
variables respectively, P and y are 1 x kl and 1 x k2 vectors of constants respectively.
We assume that vit, i.e. the random errors, contain unobservable firm effects that
are randomly and normally distributed (hence random-effects model is assumed). We
have,
vit = or + uit, vit - N(0, O2), (ci - N(0 ),, it- N(, 2),
where c are time-invariant effects reflecting some permanent differences across
firms and uit are independently identically distributed (IID) over i and t.
The model further assumes that oi, i.e. unobserved firm effects, are uncorrelated
with the past, current and future x's, which represent the formation of past, present and
potential alliance relations. Another assumption in the model is that the occurrence or
non-occurrence of past event state yt-i does not affect the probability of future event state
yt. All sample firms are assumed to have equal chances of being selected and evaluated
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for their new products for each observational period. In other words, a firm's probability
of winning an award this period does not depend on whether or not the firm has won an
award in the previous period. Note that this strong assumption imposed by the statistical
model is a potential weakness in the statistical analysis here. Unfortunately, at this point
of the study we have not yet learned to implement a software program for a dynamic
model which allows for the lagged dependent variable in the random-effects probit
specification.
Given the above assumptions about the error component vit we incorporate the
random-effects approach instead of the fixed-effects approach into the panel probit model
to estimate the structural parameters 3. There are statistical reasons for not using fixed-
effects panel probit model (Maddala 1987). First, for the observations such as state
locations of firms (zi), the fixed-effects approach cannot estimate the parameters 
because ox will capture the effect of all the time-invariant variables. Second, we are
interested to make inferences about the population from the cross-sectional units. Third,
fixed-effects panel probit models are not only computationally difficult to implement but
they also do not produce consistent coefficient estimates for both fixed effects Coi and
time-variant effects xit if T is small. The fixed-effects estimates are biased up to 50% for
panel data of length less than ten (Heckman 1981). Appendices A and B in this essay
present further explanations of the use of panel data analysis and a brief literature review
of random-effects probit models.
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With random effects, the composite error terms in the model specification are
however serially correlated among observations for each cross-section unit even if uit are
IID (Greene 1997:623-624). Assuming that O% and uit are independent and that ui terms
are independent over time, the correlation structure among observations across time on
the same firm can be specified as follows,
E(vitvis) = E[(ai + uit)(ai + uis)]
= E[oi 2 + + iui it + UitUis]
= o(a2 when t s
= (a 2 + Ou2 when t = s
Let Var(vit) = (2 = 60 2 + Uu2 and Corr(vitvis) = p = Ta2 / C2.
Owing to unobserved time-invariant factors o the composite error terms are
serially correlated. The parameter p (Rho) actually represents the proportion of the
variance of the error term that is accounted for by the independent variables. If p is zero,
then the explanation of a firm's technological performance can be entirely ascribed to the
independent variables in the model. However, if p is significantly different from zero,
unobserved firm heterogeneity is implied. Even if the error terms are serially correlated,
using i standard simple probit estimation method with pooled data will still produce
consistent (but inefficient) estimates of the structural parameters [3 (Maddala 1987). To
obtain consistent and asymptotically efficient estimator for 3, maximum likelihood
estimates (MLEs) are recommended (Guilkey & Murphy 1993). The implementation of
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likelihood functions for random-effects probit model is described in Appendix C. We use
the econometric software program called LIMDEP to evaluate the MLEs based on the
Butler and Moffitt's (1982) algorithm.1 2 LIMDEP first estimates the standard probit
model without random effects. The slopes are then used as the starting values for 3.
Maximum likelihood estimates are finally computed along with the diagnostic statistics
(Greene 1995:426). Both simple probit estimates and random-effects estimates will be
reported in the study.
5. Results
Tables 4, 5, 6 and 7 present the results. These tables focus on the analyses of
technological performance at the firm level. As a basis of comparison, and to determine
the importance of firm effects, Table 4 first examines simple probit estimation to show
the correlation between social capital and technological performance. All the models in
Table 4 are statistically significant. 13 Social capital in terms of diversity of partnerships
(Hypothesis 1) and diversity of partners with repeated transactions (Hypothesis 2) are
significantly and positively correlated with technological performance, as measured in
12 LIMDEP Version 7.0, Econometric Software, Inc., Plainview, N.Y. LIMDEP Version 7.0: User's
Manual, William H. Greene, 1995. Also thanks to Professor Greene for his helpful suggestions on the use
of LIMDEP.
13 In each model it is necessary to test whether certain parameter restrictions are supported by the data, e.g.
whether all coefficient estimates are jointly zero. Given random-effects probit models involve maximum-
likelihood estimation, the likelihood ratio (LR) test is applied. The LR test is given by -2[PR) - L(PUR)] -
Chi2m, where L(PR) is the log-likelihood for the model with parameter restrictions, L(PUR) for the model
without parameter restrictions, m is the number of restrictions. We compare the estimated Chi2m value with
the critical value at the 5% or the 10% levels. If Chi 2m is greater than the critical value, we can reject the
null hypothesis that the restrictions apply.
25
this study by whether the firm has obtained new product award(s) within the first two
years or within the next two years. However, the inclusion of firm dummy variables for
three state locations (Hypothesis 3) in Models 3 and 6 only increase the log likelihood
function marginally, i.e. the analyses did not obtain significantly better fit of the data.
Similar results are observed in Table 5 which applied random-effects probit
estimation. A comparison of Table 4 and Table 5, however, dramatically demonstrates
the importance of firm effects in the analyses of technological performance. Notice the
significant changes in the coefficients and their standard errors, as well as the statistical
significance of "Rho" estimates in Models 1, 2 and 3 of Table 5.14 These results tell us
further that the technological performance of the firm is a result of firm effects that are
not fully captured by social capital nor by research capability as measured by R&D
investments alone. The presence of large firm effects in part confirms the essence of
previous findings in that firm-specific competence and resources that are heterogeneously
distributed within an industry are more important determinants of firm performance
(Henderson & Cockburn 1994). In this regard, the analyses here illustrate the problems
inherent in using aggregate data for R&D capability, despite the fact that this control
variable is statistically significant at the 10% level in all analyses except one in Tables 4
and 5.
14 In all the random-effects probit models, a parameter estimate for rho is generated, indicating the presence
or absence of firm heterogeneity or firm effects. In the presence of firm effects, we can infer that the
variation in technological performance among seemingly "identical" firms is due to their fixed differences
in some unobserved factors such as the R&D structure and processes. An estimate of rho significantly
different from zero implies firm effects.
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Table 4. The Effects of Yearly Social Capital on Technological Performance,
1991-1996: Simple Probit Estimates
Did the firm win an award within the Did the firm win an award within the
first two years? next two years?
Variable 1 2 3 4 5 6
Constant -0.918*** -0.807*** -0.747*** -0.592** -0.5118 -0.504
(0.263) (0.265) (0.328) (0.279) (0.284) (0.347)
Closeness Centrality 0.028*** 0.015** 0.014** 0.024*** 0.013** 0.012**
(0.005) (0.006) (0.006) (0.005) (0.006) (0.006)
No. of Repeated Partners 0.884*** 0.979*** 0.912*** 0.973***
(0.179) (0.198) (0.229) (0.246)
California Location 0.009 0.096
(0.248) (0.268)
Massachusetts Location -0.302 -0.071
(0.277) (0.291)
Texas Location -0.998*** -1.056**
(0.375) (0.415)
R&D Investments ($ m) 0.0004* 0.0004* 0.0005** 0.0003 0.0004* 0.0005**
(0.0002) (0.0002) (0.0002) (0.0002) (0.0002) (0.0002)
Sales Revenues ($ m) -0. 17E-04 -0.41E-04** -0.5E-04*** -0.15E-04 -0.37E-04** -0.45E-04**
(0.14E-04) (0.16E-04) (0.17E-04) (0.15E-04) (0.18E-04) (0.19E-04)
Years in Business -0.013 -0.015 -0.005 -0.018 -0.019 -0.008
(0.013) (0.014) (0.015) (0.014) (0.015) (0.016)
No. of observations 248 248 248 198 198 198
No. of firms 50 50 50 50 50 50
Log-likelihood -137.87 -116.49 -111.89 -114.05 -100.68 -96.19
Restricted Log-likelihood -166.41 -166.41 -166.41 -134.96 -134.96 -134.96
Chi-squared 57.07*** 99.84*** 109.03*** 41.82*** 68.57*** 77.53***
* p<0.I
** p< 0 .0 5
** p < 0 .01
(.) Standard errors in parentheses
Nevertheless, Models 4, 5 and 6 of Table 5 cannot conclude the significance of
firm effects (note also the smaller and insignificant Rho estimates in Model 4). This
implies that the unexplained portion of technological performance two years later may be
due to random noise. Interestingly, the coefficient estimates of "closeness centrality" and
"number of repeated partners" remain statistically significant but the latter measure is far
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more robust throughout the analyses. Overall, social capital is significantly correlated
with technological performance.
Table 5. The Effects of Yearly Social Capital on Technological Performance,
1991-1996: Random-effects Probit Estimates
Did the firm win an award within the
Variable
Constant
Closeness Centrality
1
-1.697***
(0.613)
0.035***
(0.011)
No. of Repeated Partners
first two years?
2
-1.136*
(0.599)
0.023**
(0.011)
1.078***
(0.310)
California Location
Massachusetts Location
Texas Location
R&D Investments ($ m)
Sales Revenues ($ m)
Years in Business
Rho
Standard errors of Rho
No. of observations
No. of firms
Log-likelihood
Restricted Log-likelihood
0.0007*
(0.0004)
-0.20E-04
(0.48E-04)
0.019
(0.036)
0.834***
0.208
248
50
-115.08
-137.87
0.0009*
(0.0005)
-0.68E-04
(0.45E-04)
-0.018
(0.033)
0.781'**
0.230
248
50
-102.54
-116.49
3
-0.969
(0.726)
0.023*
(0.012)
1.106***
(0.320)
-0.040
(0.584)
-0.555
(0.685)
-1.900**
(0.876)
0.0009*
(0.0006)
-0.77E-04*
(0.46E-04)
-0.003
(0.034)
0.760***
0.236
248
50
-99.62
-111.89
Did the firm win an award within the
next two years?
4 5 6
-0.592** -0.502 -0.504
(0.258) (0.591) (0.340)
0.024*** 0.018* 0.012*
(0.005) (0.010) (0.007)
0.948*** 0.973***
(0.335) (0.276)
0.0004*
(0.0003)
-0.14E-04
(0.16E-04)
-0.018
(0.013)
0.218
0.236
198
50
-111.75
-114.05
0.0009*
(0.0005)
-0.62E-04
(0.46E-04)
-0.028
(0.030)
0.732***
0.277
198
50
-92.87
-100.68
0.096
(0.243)
-0.071
(0.300)
-1.056**
(0.412)
0.0005**
(0.0002)
-0.45E-04**
(0.20E-04)
-0.008
(0.015)
0.208
0.378
198
50
-94.98
-96.19
Chi-squared 45.58*** 27.90*** 24.54*** 4.60** 15.62*** 2.42
* p<0.1
** p < 0.0 5
*** p < 0.01
(.) Standard errors in parentheses
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However, given that strategic management theory has only informed us of market
positions and internal resources as sources of competitive advantage (Teece, Pisano &
Shuen 1997; Wernerfelt 1984), the interpretation of social capital as sources of firm
heterogeneity must be treated with caution. Since the above analyses did not control
explicitly for systematic difference across firms in their propensity to advertise their new
products in trade publications, it is possible that certain firms with advertising clout in the
trade press are also more likely to form technology alliances with other firms.,5
Moreover, firms with product awards are more attractive as a potential partner. Since
additional control measures have not been obtained in the present study, an alternative
method to control for fixed firm effects, other than the random-effects estimation, is to
introduce firm dummies into the model. The firm dummies may capture a variety of firm
effects, including organizational factors and project management practices. These
additional analyses were estimated using logit model. 16
The results of logit estimation are presented in Table 6. The standard likelihood
ratio tests indicate that both measures of social capital in Models 3 and 5, compared to
Model 1, are significantly correlated to technological performance. However, after
controlling for firm effects in Models 2, 4 and 6, both 'closeness centrality' and 'number
of repeated partners' became not significant statistically. Despite the fact that the firm
15 In the computer and data communications industry, critics claims that vendors can potentially influence
the selection process of product awards through advertising.
16 Logit models use logistic function, which is very similar to the cumulative normal function of probit
models. Both models employ maximum likelihood estimation technique. However, the logistic function is
computationally more efficient, especially when firm dummies are introduced.
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dummies are not statistically significant, the social capital variables only improve the fit
of the models marginally in the presence of firm effects. The unexpected results are
probably due to a lack of variation within firms in the explanatory variables.
Table 6. The Effects of Yearly Social Capital on Technological Performance,
1991-1996: Logit Estimates with Firm Dummies
Did the firm win an award within the first two years?
Variable 1 2 3 4 5 6
Firm Dummies Non Sig. Non Sig. Non Sig.
Closeness Centrality 0.049*** 0.007 0.025** 0.009
(0.010) (0.030) (0.010) (0.030)
No. of Repeated Partners 1.494*** 0.556
(0.317) (0.727)
R&D Investments 0.001*** 0.0002 0.0006* 0.0002 0.0007* 0.0004
(0.0003) (0.0014) (0.0003) (0.001) (0.0004) (0.001)
Sales Revenues ($ m) -0.44E-04* 0.0007 -0.28E-04 0.0007 -0.74E-04*** 0.0006
(0.23E-04) (0.0008 (0.0002) (0.0008) (0.28E-04) (0.0008)
Years in Business ($ m) -0.03 1.03*** -0.020 1.003*** -0.024 0.870***
(0.021) (0.244) (0.023) (0.264) (0.024) (0.308)
Constant -0.008 -0.917 -1.619*** -28.212 -1.353*** -26.565
(0.320) (0.288) (0.479) (817.80) (0.478) (811.39)
No. of observations 248 248 248 248 248 248
No. of firms 50 50 50 50 50 50
Log-likelihood -153.15 -47.40 -137.59 -47.37 -116.50 -47.06
* p < 0. 1
** p < 0 .0 5
*** p < 0 .01
(.) Standard errors in parentheses
Non Sig.: All firm dummies are not statistically significant.
In fact, the changes in social capital (closeness centrality and repeated
partnerships) cum technological performance within and across firms are persistent as
shown in Tables 7 and 8. Each table has 198 observations generated from 50 firms over
four intervals in five periods, i.e. 1991-1992, 1992-1993, 1993-1994, 1994-1995, and
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1995-1996. (Two observations are missing for each case since one firm was not founded
until 1993.) The horizontal percentages (except the 'Total' columns) in the tables
indicate where the proportions of observations in a particular position of current period
went to in the next period. Both tables show that the amounts of gross change and net
change are very marginal, not more than 22% and 10% respectively. 17
Table 7. Variations of Yearly Closeness Centrality and Technical Excellence
Awards, 1991-1996
Current Period Next Period
A. Closeness High High Low Low Total
Centrality
B. Award Yes No Yes No
High Yes 31(88%) 1(3%) 3(9%) 0 35(18%)
High No 3(20%) 9(60%) 1(7%) 2(13%) 15(7%)
Low Yes 9(27%) 0 19(58%) 5(15%) 33(17%)
Low No 1(1%) 0 17(15%) 97(84%) 115(58%)
Total 44(22%) 10(5%) 40(20%) 104(53%) 198
Note: Gross Change = 1 -TPii = 0.21; Net Change = I pi+ - p+ 1 /2 = 0.07
Table 8. Variations of Yearly Repeated Partnerships and Technical
Excellence Awards, 1991-1996
Current Period Next Period
A. Repeated High High Low Low Total
Partnerships
B. Award Yes No Yes No
High Yes 38(95%) 1(2.5%) 1(2.5%) 0 40(20%)
High No 4(36%) 7(64%) 0 0 11(6%)
Low Yes 9(30%) 1(3%) 15(50%) 5(17%) 30(15%)
Low No 4(3%) 6(5%) 12(11%) 95(81%) 117(59%)
Total 55(28%) 15(8%) 28(14%) 100(50%) 198
Note: Gross Change = -iPii = 0.22; Net Change = {i pi+ - p+, 1/2 = 0.10
17 The amount of gross change is the proportion of firms that do not belong to the same category in
successive periods. That is, the proportion of firms outside the main diagonal is given by I -iPii. The
amount of net change (trend) is the difference between the two marginal distributions in the '"Total"
columns of the tables. That is, the sum of the absolute differences between the marginal proportions in the
corresponding categories divided by two or 2i Ipi+ - p+,il /2.
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Are firms with greater social capital in the previous period more likely to have
higher technological performance later? Similarly, are firms with higher technological
performance in the previous period more likely to attract greater social capital later?
Table 7 and 8 show that, respectively, 20% and 36% of the observations which have high
social capital but no awards (i.e. High-No) in the current periods have actually obtained
awards in the next periods (i.e. High-Yes). On the other hand, 27% and 33% of the
observations which have awards but low social capital (i.e. Low-Yes) in the current
periods actually attracted more partnerships (High-Yes and High-No) in the next periods.
Both tables do illustrate the persistence of firm difference in the data. The
diagonal percentages imply that at least 50% of the firms do not change their positions
over time. The statistical difference between logit models with and without firm
dummies in Table 6 may therefore be attributable to 'noise' such as variation of firm's
propensity to form alliances. Hence, the causal direction between social capital and
technological performance cannot be inferred without more empirical evidence on the
choice process and the costs-benefits associated with alliance formation by the firms.
Table 9 below highlights the marginal effects and elasticity of the random-effects
estimates for Models 2 and 3 of Table 5. The effect size for social capital is high relative
to R&D investments. More important, variation of social capital across firms (but not
within firms) seems to be significantly correlated with differences of technological
performance of the firms. Bearing this in mind, we interpret that the measures of social
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capital at least reflect an important factor that cannot be ignored in the analysis of
technological performance. 18
Table 9. Marginal Effects and Elasticity of Random-effects Probit Estimates1 9
Variable 1 2 3 4
ME ME Elasticity Elasticity
Closeness Centrality 0.911** 0.009* 0.510** 0.500*
No. of Repeated Partners 0.422*** 0.431*** 0.578*** 0.593***
California Location -0.016 -0.009
Massachusetts Location -0.216 -0.088
Texas Location -0.739** -0.185**
R&D Investments ($ m) 0.0003* 0.0004* 0.232* 0.310*
Sales Revenues ($ m) -0.00003 -0.00003* -0.312 -0.313*
Years in Business -0.007 -0.001 -0.181 -0.025
i., ~ ~ ~ ~ ~ .i. iii i i ..... 
* p<0.1
** p < 0.05
*** p<0.01
(.) Standard errors in parentheses
Note: Models 1 and 2 here correspond to Models 2
the first two models with elasticity estimates.
and 3 of Table 5 respectively. Models 3 and 4 repeat
The analyses of technological performance in Tables 4, 5 and 6 are all repeated for
a three-year measure of social capital (see Appendix H). Judging from the coefficient
estimates and standard errors, no apparent statistical difference exists between the two
sets of analyses. Therefore, the correlation between social capital and technological
performance does not vary with the duration of social capital.
18 According to the frequencies of predicted outcomes, an output generated in LIMDEP for probit and logit
analyses, random-effects probit Model 1 in Table 9, has predicted 139 out of 150 'zero' events and 58 out
of 98 'one' events. On the other hand, a comparable logit model with firm dummies Model 6 of Table 6 has
predicted 141 out of 150 'zero' events and 88 out of 98 'one' event.
19 Marginal effects imply a unit change in the independent variable would induce an increase or a decrease
in the event probability by the indicated number. Elasticity implies one percentage change in the
independent variable would induce the percentage of increase or decrease in the event probability by the
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6. Discussion
The above statistical results at best reflect the significant correlation between
social capital and technological performance across firms. Hypothesis 1 and Hypothesis
2 are thus supported overall. However, "number of repeated partners" is generally more
robust than "closeness centrality". This result raises an interesting question regarding the
relative benefits of repeated transactions with former partners versus non-repeated
alliances. 20 Diversity of partners with repeated transactions possibly indicates the support
of reliable allies in the industry and the focus of the firm on specific technological
developments. A firm might be exploiting and leveraging its existing technological
capabilities with trusted partners.
The importance of diversity of new partners, on the other hand, reflects the
exploratory nature of the firm, a behavior that is essential for searching and tinkering with
new technologies that are not available internally. Some executives whom we
interviewed in the industry claimed that alliances are employed for acquiring new
technologies that are necessary to meet customer demands on time but which have not
been sufficiently important in the past to be part of their core businesses. Nevertheless,
such opportunities could be translated into long-term investments later on when the
economic benefits become greater and the enabling factors become available. Under
indicated number. Elasticity is computed as follows: multiply the marginal effects by the sample means of
independent variables and then divide by the probability function evaluated at the means.
20 Recall that the variable 'closeness centrality' includes distances to all other partners both directly and
indirectly connected to the focal firm. This measure is also correlated with 'number of repeated partners'
since the greater the number of diverse partners the more repeated transactions are likely to occur.
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these circumstances, repeated transactions and equity acquisitions are two possible
investments sought by the firms. For example, industry leaders such as Bay Networks
and Cisco and Novell are known to have acquired some of their relatively small alliance
partners.21
Given the potential implications of Hypotheses 1 and 2, both diversity of
partnerships and diversity of partners with repeated transactions are best described as
complements. These implications further support Coleman's argument in that the firm
needs constantly to form new relationships and renew existing relationships to maintain
its access to the social capital arising from the environment (Coleman 1990). The value
of social capital will depreciate if it has not been re-activated for a long time. The
evidence also implies the links to organizational learning posited by Levitt and March
(1988). They argue that a balance between exploration and exploitation functions is
necessary to acquire new knowledge and to sustain the knowledge base of the firm.
Organizational learning can thus in part be managed by positioning the firm within the
network of interorganizational relationships (Powell, Koput & Laurel 1996; Walker,
Kogut & Shan 1997).
The qualitative evidence in the field further sheds light on the potential
information benefits arising from the interaction between two partners. Anecdotally, one
interviewed senior vice president observed: "Our recent technology partnership with an
21 Our previous study reports that out of 160 acquisitions from 1985-1996 only nine firms had subsequently
acquired their alliance partners (Soh & Roberts 1998a). Furthermore, high-centrality firms are also more
likely to make acquisitions compared to low-centrality firms.
35
Internet Service Provider was not very successful. However, our engineers have gained
insights into the partner's market, and in particular, the supplier relations in that market
segment." Another company executive claimed that during the negotiations of a potential
partnership, one of his engineers had learned certain aspects of the particular technology
they were seeking and concluded that he could develop it himself at a lower cost. So his
company withdrew from the negotiations.
It appears that sharing of information also leads to undesirable consequences. On
the contrary, a senior technology office of a leading firm believed that information
spillover is an essential trait of innovation in the data communication industry. In
response to the above cases, he remarked:
"I think the engineer's case is pretty common. It goes back to the point I made
sometime ago about one idea triggers another. I doubt that there was serious "leaking" of
information from the potential partners. In any event, it is essential when exploring a
partnership, the donor company should be extra careful not to "spill all their beans."
Most of such "donors" are in a situation where they need funding or like to be acquired.
The cases of "equal partners" are usually more balanced and are done on an exchange of
benefits basis (not for money)."
Technology alliances include access not only to direct partners but also to indirect
partners that are not too distant from the focal firm.2 2 Their benefits presumably consist
of information pertinent to the technologies and capabilities of both direct and indirect
22 From the social network perspective, the social capital that is available to the partners is also accessible
by the focal firm. The closeness centrality measure includes distances to all other partners indirectly
connected to the firm.
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partners. If such information is accessible to the firm, it will likely trigger new ideas or
create new economic opportunities which would otherwise be exploited by other firms.
Hypothesis 3 proposes that regional effects are correlated with differences in
technological performance across firms. When we look at the regional effects in Tables 4
and 5, statistically significant estimates are found only for location of the firm in Texas,
which are negatively correlated with technological performance. Interestingly, firms in
California and Massachusetts locations do not seem to have significant difference in
technological performance compared to others in North Carolina and New Jersey. Thus,
Hypothesis 3 cannot be supported by the data. Nevertheless, there is a negative and
significant "Texas effect" in the data. A couple of executives commented that Texas
lacks the "locational characteristics" that attract young bright engineers to live and work
there and more so for new start-ups. Since the number of firms located in Texas is
relatively small in the sample (see Table D-1 in Appendix D), these comments are at best
an anecdotal observation which needs further investigation.
Finally, the coefficient estimates of the control variables "Years in Business" and
"Sales revenues" in Tables 4 and 5 are negatively correlated with technological
performance. The negative effects suggest that the lack of innovativeness among larger
and/or older firms may be due to organizational biases in acquiring external technical
knowledge (Christensen & Rosenbloom; Henderson & Clark 1990). Such interpretation
is only tentative given the limited data about the individual organizations.
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7. Conclusions
In this longitudinal study of the data communications industry the results
demonstrate that a firm's cumulated social capital through past and present alliances is
significantly correlated with the technological performance of the firm. The overall
findings raise an important question regarding whether social capital is an additional
source of firm heterogeneity in technological performance. Some studies have argued
that a firm's ability to access external knowledge and to integrate knowledge flexibly
within the firm is an important factor in pharmaceutical and biotechnology research
(Arora & Gambardella 1994; Henderson & Cockburn 1994). This implication directly
points to the nature of exploration and exploitation of the firm as exhibited through social
capital.
Still the significant presence of firm effects warrants further attention. The data
indicate that some fixed firm effects not captured by social capital help to explain the
variation in technological performance across firms. According to the literature of
strategic management, idiosyncratic research capabilities are likely to be the key
determinant of firm effects in science and technology driven industries (Dierickx & Cool
1989). The use of R&D investments alone as a crude proxy controlling for research
capability in this study is thus very limited. The significant effects of R&D investments
however prompt an intriguing and yet unanswered question about the relative effects of
social capital and internal research capability on technological performance.
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The data further imply additional factors confounding the relationship between
social capital and technological performance. The overall distributions in Tables 7 and 8
show that more than 60% of the observed firms that were "selective" in alliance
formation also tend to have lower technological performance. In contrast, the remaining
firms which have high propensity to form alliances have higher technological
performance. It is not clear whether high-performing firms were especially attractive to
potential partners in the first place or that they face lower transaction costs in managing
alliances. This raises another intriguing question related to the willingness of the firm to
form technology alliances and the underlying choice of technology alliances versus
internal development. Some anecdotal remarks which arose from the interviews with
company executives actually point to "not-invented-here" and "management subjective
opinions", and ownership control of the technology as limiting factors in forming
alliances. Yet some firms would form alliances even with their competitors and others
would not if the potential partners already have alliances with their direct competitors.
The contributions of this study are to the fields of economic sociology and
strategic management of technology. First, the research employed a sociological
approach, in particular social network theory, towards understanding the dynamics of
knowledge exchange through technology alliances within a system of organizations.
Second, using panel data, this study addressed the performance implications of horizontal
collaborations among competitors.
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8. Directions for Further Research
The research implications lie in the issues surrounding sources of firm
heterogeneity and the economic behavior of the firm as a consequence of social
processes. Further study ought to explore other firm effects that may explain the
correlation between social capital and technological performance. This includes
understanding how organizational biases limit a firm's access to its potential social
capital. In addition, an assessment of the relative effects of social capital versus internal
research capability on technological performance would enlighten business practitioners
in the choice of technology alliances over internal development. The above issues will be
examined in our follow up study with more empirical data from the sample firms in the
data communications industry (Soh & Roberts 1998b).
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Appendix A. Centrality
In social network analysis one of the commonly used measure is centrality, which can
identify the most "important" or "prominent" actors in a social network. According to a review
of social network analysis (Freeman 1978), the idea of centrality as applied to human
communications was introduced by Bavelas at the Group Networks Laboratory at M.I.T. in the
late 1940s. The studies conducted by the research group under the direction of Bavelas found
that centrality was related to group efficiency in problem solving, perception of leadership and
the personal satisfaction of participants (Bavelas 1948; Bavelas & Barrett 1951).
Three types of centrality measures have been used to quantify the prominence of an
individual actor embedded in a network: degree, betweenness and closeness (Freeman 1978;
Wasserman & Faust 1994). Degree centrality of an actor is the simplest measure of the number
of ties (degree) to all other actors (nodes) in a graph. The most central firm is considered to be
the most active actor in the network. Betweenness centrality measures the number of
intermediaries between two nonadjacent actors. These "other intermediate actors" potentially
might have some control over the interactions between the two nonadjacent actors. If an actor
lies between many of the actors via their shortest paths, it is said to have high centrality in the
network.
Closeness centrality measures how central or close an actor is to all other actors. This is
the same as finding minimum distances to all other actors and the idea is that the more central the
firm the lower the cost or time for communicating information to and from all other actors.
Assuming that the shortest (geodesic) distance between two actors is d(ni, n), the sum of the
geodesic distances from actor ni to all other actors nj is given by
g
E d(ni, n) where j i.
j=l
For example, in a star network with 5 actors connected to a single actor in the center, the
sum of the geodesic distances for the central actor is 5 (1+1+1+1+1) whereas the sum for each of
the 5 other actors is 9 (1+2+2+2+2). The closeness centrality index for actor ni based on
Sabidussi's method (Freeman 1978) is given by
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C(ni) - d(ni, nj)
Lj=l J
The closeness centrality index generated in UCINET IV is normalized by dividing the
actor's index by the maximum possible closeness centrality index, i.e. (g-1)-', in the network. The
standardized index ranges between 0 and 1. When the index equals unity, it means the actor is
maximally close to all other actors. When the index equals zero, one or more actors are not
reachable from the actor in question. However, the closeness centrality measure is only
meaningful for a connected graph, i.e. every node is reachable from all other nodes. Otherwise, if
one node is not reachable, then the distance from all other nodes to this specific node is infinitely
long and the distance sum for every actor is oo. The input to closeness centrality is a symmetric
binary matrix, i.e. when the number of alliances is 1 or greater between two actors, the value will
be 1, otherwise 0.
42
Appendix B. Panel Data and Error Specification
The use of cross-section data to test the hypothesis that firms with high centrality are
more likely to win awards for their products in any given period essentially ignores individual
differences and treats the aggregate of the individual effect and the omitted variable effect as a
pure chance event. A discovery of a group of firms with high centrality having an average
product winning rate of 50% could lead to opposite inferences. At one extreme, each firm in a
homogeneous population could have a 50% chance of winning an award in a given period when it
becomes highly central in a network of relationships, whereas at the other extreme 50% of firms
in a heterogeneous population might always win and 50% never win. To discriminate among the
many possible explanations, we need information on individual firm histories in different periods.
Through panel data with information on intertemporal dynamics of individual firms, the
possibility of separating a model of individual behavior from a model of average behavior of a
group of firms can be facilitated.
Excellent surveys of panel data analysis are given in Hsiao (1986), Sayrs (1989) and
Baltagi and Raj (1992). The main advantage to panel data is to capture variation both across units
and over time (Sayrs 1989). Panel data allow the researcher to better control for the effects of
individual heterogeneity. Compared to time-series data, panel data also help to reduce
collinearity among explanatory variables and increase the efficiency of the econometric
estimators (Baltagi & Raj 1992).
In the study we assume that the heterogeneity across cross-sectional units is time-
invariant, and these individual-specific effects are captured by decomposing the error term vi, as
o. + ui,. The unobserved time-invariant components thus allow individual firms which are
homogeneous in terms of their observed characteristics to be heterogeneous in response
probabilities. Another assumption is that the probability of an event state is independent of the
occurrence or non-occurrence of the event in the past. In other words, having won an award in
this period does not affect the chance of winning an award for another product in the next period.
Given that the base model includes a time-invariant variable, "location," by treating or as
fixed will mean the parameters y of "locations z" cannot be estimated since c- captures the effect
of all time-invariant variables. A random-effects model is therefore chosen primarily for this
reason. There are two other important reasons for using random-effects models (Maddala 1987).
First, since our panel data has a large number of N relative to the number of T, instead of
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estimating N of the ca as in the fixed-effects models, we estimate only the mean and variance in
the random-effects models. This saves a lot of degrees of freedom. Second, our primary interests
in the study are to make inferences about the population from which the cross-sectional units
came. It is therefore more appropriate to treat ai as random. The main restriction with random-
effects models is that ai is assumed to be uncorrelated with xit and zi. This may be a potential
source of weakness in the analysis. However, fixed-effects models do not impose such
restriction.
According to Maddala, two important properties of the random-effects probit models are
worth mentioning. First, the estimates from the random-effects probit models are consistent.
Second, the random-effects probit models are based on the multivariate normal distribution. The
multivariate normal distribution permits much flexibility in generalizing the structure of error
correlations.
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Appendix C. A Brief Survey of Random-effects Probit Models
The first application of the random-effects probit model is that of Heckman and Willis
(1976). Maddala (1987) and Hsiao (1986) provide excellent reviews of random-effects models.
The random-effects estimator is potentially a very important estimator due to the large number of
analyses that involve discrete panel survey data (Guilkey & Murphy 1993). The structural
equation of random effects probit models in a linear functional form is
Y*it = Xit + ti + eit, i = 1,2,...,N; t = 1,2,...,T (1)
where Xi, is a lxk vector of exogenous variables, [3 is a kxl vector of coefficients, i -
4IN(0, Co52), £it - IN(°0, ., and gl and £it are mutually independent. Y*it is an unobserved latent
variable. The observed random variable, Yit, is defined by
Yit = 1 if Y*it > O
= 0 if Y*it < 0.
We can specify the random-effects probit model using the cumulative distribution
function of the standard normal D(.):
P (Yi, = ) = 4 [(XitP + l>t)/e]
Let 2 = C 2 + ce 2, p = TA2 / 2, and impose the normalization 2 = 1. The parameter p,
which is the proportion of the variance of the error term that is accounted for by the exogenous
variables Xi,, is used as an indicator for the presence or absence of unobserved individual
heterogeneity. If p is significant then heterogeneity is implied. Also define qj = i/, we have
the likelihood function for unit i conditional on a given value of i:
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p(Yi = Xil) = I [(Xip / ) + q ( 2Yit - 1] (2)
Multiplying equation 2 by the density function for p and integrating both sides of the
equation with respect to Ah, we have the unconditional likelihood function:
Li = p(Yi, = llX,)= T [(Xii / e)+qi P [2Yit - 1] x f(qi)d(qi)f t=l -P
(3)
Therefore, the likelihood function for the observed sample of Yit is
N
L n (Yi = Ii (4)
i=1
The likelihood function in (4) can be maximized with respect to p/0 2 and p, to obtain
consistent and asymptotically efficient MLE estimators. Butler and Moffit (1982) provide an
efficient computational algorithm for the evaluation of the integral in (3) along with the BHHH
maximization algorithm (Berndt, Hall, Hall & Hausman 1974) to recover the reduced form
estimates of the parameters. Guilkey and Murphy (1993) examined the finite-sample
performance of the random effects probit (MLE) estimator in comparison to the standard probit
estimator and the standard probit estimator with a corrected asymptotic covariance matrix. They
found that MLE is useful in panel designs with intermediate numbers of longitudinal data points,
especially if an estimate of p is desired. However, the performance of MLE deteriorates as the
interaction of the number of points and p increases. Instead, the standard probit estimator with
corrected asymptotic covariance matrix performs quite well over a wide range of parametric
configurations and is recommended as long as an estimate of the error correlation is not of high
importance.
46
Chamberlain's (1984) approach for panel probit estimation allows for heteroscedacity
and autocorrelation of the error term Eit over time which leads to consistent estimate of standard
errors without further correction. Moreover, the individual random effects i may be correlated
with all leads and lags of the independent variables Xi and can thus take account of individual
heterogeneity across firms depending Xi. An empirical study using Chamberlain's model can be
found in Bertschek (1995).
Kao and Schnell (1987) suggest a cost-effective approach to compute the MLE estimators
when an independent variable is measured with error. For normally distributed measurement
error, a structural maximum-likelihood estimate from a likelihood that is conditional on the
observed independent variable but marginal on the incidental parameter Aj is studied and a
minimum-distance estimator is proposed.
Owing to computational difficulty, specification tests in limited dependent variable
models are not very common until recently. The greatest limitation of limited dependent variable
models is that estimation is quite sensitive to specification errors, such as violations of their
assumptions of homoscedasticity and normality of the errors (Kennedy 1993). The Journal of
Econometrics has two volumes, i.e. volumes 32(1) and 34(1,2), of articles devoted to robust
methods and specification tests for limited dependent variable models. In a recent review of
specification tests in limited dependent variable models by Maddala (1995), he found that most
specification tests are score tests but some are Hausman (1978) type tests and some are
conditional moment tests following the work of Newey (1985) and Tauchen (1985). Kennedy
(1993) found that the best software program that implements limited dependent variable models
is LIMDEP, which is utilized in the study.
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Appendix D. List of Sample Firms in the Data Communications Industry
Table D-1. List of Sample Firms in the Data Communications Industry
Founding Year Company Public/ State Location
Private
1 1979 3COM Corp. Public CA
2 1987 ACT Networks, Inc. Public CA
3 1967 ADC Kentrox (unit of ADC Telecommunications from 1989) Public OR
4 1987 Allied Telesyen International Public CA
5 1988 Asante Technologies, Inc. Public CA
6 1988 Ascend Communications. Public CA
7 1885/1925/1983 AT&T*/Lucent Technologies/Information Systems Group Public NJ
8 1983 Banyan Public MA
9 1985 Bay Networks, Inc. (formerly known as SynOptics Communications) Public CA
10 1983 Cabletron Systems, Inc. Public NH
11 1990 Cascade Communications (unit Ascend Communications from 1997) Public MA
12 1984 Cisco Systems, Inc. Public CA
13 1982 Compaq Computer* Public TX
14 1987 Crosscomm Corp. (unit of Olicom USA from 1997) Public MA
15 1968 Datapoint Corp. Public TX
16 1985 Digi International Public MN
17 1957/1976 Digital Equipment Corp.* Public MA
18 1985 Digital Unk Corp. Public CA
19 1976 DSC Communications Corp. Public TX
20 1986 Farallon Computing, Inc. (now Netopia, Inc. from November 1997) Public CA
21 1990 Fore Systems, Inc. Public PA
22 1973 Gandalf Technologies, Inc. Public Canada
23 1969 General DataComm Industries, Inc. Public CT/MA
24 1939/1983 Hewlett Packard*/Network Systems Management Division Public CA
25 1971 Hughes Network Systems, Inc. (unit of General Motors Corp.) Public MD
26 1979 Hypercom, Inc. Private AZ
27 1914/1979 IBM*/Networking Hardware Division (Token Ring project) Public NC
28 1968/1979 Intel Corp.*/Networking Division (Ethernet project) Public OR
29 1974 Interphase Corp. Public TX
30 1970 Larscom, Inc. Public CA
31 1977 Memotec Communications Public Canada
32 1973 Micom Communications Corp. Public CA
33 1980 Microcom, Inc. (unit of Compaq from 1997) Public MA
34 1968 Microdyne Corp. Public VA
35 1975/1984 Microsoft Corp.* Public WA
36 1993 NetEdge Systems, Inc. Private NC
37 1985 Netrix Corp. Public VA
38 1983 Network Equipment Technologies Public CA
39 1989 Network Peripherals, Inc. Public CA
40 1986 Newbridge Networks Public VA
41 1973 Northern Telecom. Inc.*/Enterprise Networks Division Public TX
42 1983 Novell, Inc. Public UT
43 1983 Optical Data Systems Public TX
44 1988 Plaintree Systems Public Canada/MA
45 1972 Proteon, Inc. Public MA
46 1985 Retix, Inc. Public CA
47 1985 Shiva Corp. Public MA
48 1991 TyLink Corp. (unit of Sync Research from 1997) Public MA
49 1976 US Robotics. Inc. (unit of 3Com Corp. from 1997) Public ILL
50 1981 Xylex. Inc. (unit of Whitettaker Corp. from 19%) Public MA
* Companies' main businesses established in the telecommunications and computer industries.
Hence, the founding year of the networking business division is given.
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Appendix E. Selected Publications
Table E-1. Selected Publications
Publication Publisher Year Technical Choice Criteria for Selection
Award Award
Communications CMP 1993- Max Awards Product tests conducted on new products
Week Publications, 1996 throughout the year. Awards given to products
Inc. which meet all stringent tests in the lab.
Data McGraw- 1991- Tester's Benchmarking tests conducted on new products
Communication Hill, Inc. 1996 Choice throughout the year.
Awards
Internetwork Cardinal 1995- Standards Technology experts receive a fill-in-the-blank
Media 1996 Achievement ballot with specific categories. They are to vote
Business, Awards; for the companies and technologies that "best
Inc. Editor's exemplify the state-of-the-art, standards-based
Choice networking technologies available today." They
Awards are asked to base their votes on their hands-on
experience, market research and general
,,_____ ______ ,_______ _ industry knowledge.
LAN Magazine Miller 1992- Product of Throughout the year, the editor does extensive
Freeman, 1996 the Year product evaluation and research. They examine
Inc. 1996 Awards and test hundreds of network products. In
addition, they confer with external experts as
well as readers of LAN magazine.
LAN Times McGraw- 1992- Readers' Every years readers are asked to name the
Hill, Inc. 1996 Choice vendors that provide them with the best
Awards networking products. In many of categories, the
votes get split among multiple products from
the same company.
LAN Times McGraw- 1992- Best of I= Unacceptable (is seriously flawed); 2=Poor
Hill, Inc. 1996 Times (falls short in essential areas); 3=Setifactory
Awards Performs (as expected); 4=Good (meet standard
criteria and includes some special);
5=Excellent (far exceeds expectations).
We multiply the weight by the product's score
for each criterion, sum the result, and divide by
1,000 to come up with a final score between
I and 5. Product that earns a total score of 4.5 or
higher receives an award.
Network CMP 1994- Well- Judgments are not based on product marketing
Computing Publications, 1996 Connected pitches or vendor demos. Awards come from
Inc. Awards publication staff and contributing editor, based
on product testing conducted throughout the
year.
Network CMP 1993- Editor's Based on Editor's evaluation of products
Computing Publications, 1996 Choice through the year.
Inc.
Network VAR Miller 1995- Integrators' The awards are based on votes from the network
Freeman, 1996 Choice VAR community in a number of different
Inc. Awards product and service categories.
PC Magazine Ziff-Davis 1991- Technical A wide spectrum of products found in the
Publishing 1996 Excellent computer industry is covered. Finalist and
company Awards winners are selected for their significant
contributions to the computer industry. A team
of experts spent month debating the merits and
drawbacks of the thousands of product that
passed through the labs during the year.
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Appendix F. Summary of Selected Questionnaire Responses
Table F-1. Success Factors Cited by Networking Vendors
No. Factors Contributed to Technological Performance No. Cited
1 Good engineers, bright people 7
2 Time to market 6
3 Customer relations, meeting customer demand for features 6
4 Focusing on market segment, specific areas, niches 5
5 High level of investment in research, R&D budget 3
6 High volume/low costs, cost effectiveness 3
7 Right product right time 2
8 Reliable designs and products 2
9 Understand/appreciate the difference between continuous and discontinuous innovations 2
10 Leadership in OEM business 1
11 Understand re-engineering is a continuous process 1
12 Management support, corporate commitment 1
13 Interactions between engineers and marketing, sales and customers in product cycles 1
14 Impressive service and support 1
15 Quality systems solutions 1
16 State of the art technology 1
17 Good tools 1
18 Depth of experiences in core technology 1
19 Understand specific technical needs 1
20 Next generation thinking 1
21 Fostering atmosphere where innovation is encouraged and rewarded 1
22 Avoiding NIH (not invented here) 1
23 Freedom to be creative 1
24 Ahead of competition 1
25 Early dominance in layer 2 switching I
26 Participation in international standards committees 1
27 Partnership arrangements 1
28 Acquisitions I
Note: In a field survey sample firms were asked to identify the factors that have contributed to the technical
success of their companies in a free format. The number of citations for each factor identified is given.
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Table F-2. Frequency of Firms Cited as Technological
Leaders by Others
Network Vendors Rank I Rank 2 Rank 3 Total Weighted
Citations Rankings
3Com 1 6 3 10 2.9
Ascend Communications 1 1 3 5 1.4
Banyan Systems 0 0 1 i 0.2
Bay Networks 0 3 2 5 1.3
Cabletron Systems 0 1 0 1 0.3
Cascade Communications 1 2 1 4 1.3
Cisco System 18 1 0 19 9.3
Fore Systems 0 0 2 2 0.4
Hughes Network Systems 0 0 1 1 0.2
Hewlett Packard 0 0 1 1 0.2
Intel 0 0 1 1 0.2
Ipsilon* 1 1 0 2 0.8
Netscape* 0 0 1 1 0.2
Nortel 0 1 0 1 0.3
Novell 0 1 0 1 0.3
Pairgain* 0 0 1 1 0.2
Proteon 0 0 1 1 0.2
Sun* 0 1 0 1 0.3
U.S. Robotics 0 0 2 2 0.4
*These companies are not included in the sample of the study.
Note: Sample firms were asked in a field survey to rank the top three leaders in the industry.
The weighting scale for rank 1, 2 and 3 is 0.5, 0.3 and 0.2 respectively.
The correlation between weighted rankings and award data from 1991-1996 is statistically significant at the
5% level.
Table F-3. Descriptive Statistics and Correlation Matrix for Awards and
Citation Rankings
Variable Mean S.D. Min Max 1 2 3 4
1. By-yearly Award 0.40 0.49 0 1 1.00
2. Yearly Technical Award 0.23 0.42 0 1 0.66* 1.00
3. Yearly Choice Award 0.15 0.36 0 1 0.52* 0.57* 1.00
4. Citation Rankings 0.38 1.38 0 9.3 0.24* 0.32* 0.19* 1.00
* p < 0.05; N= 248 obs., 50 firms, 1991-1996
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Table F-4. Vendor Rankings by Regional Bell Operati g Companies (RBOC)
Vendor Routers Remote Access Frame Relay ATM Switches
Ranking Equipment Switches
1 Cisco Ascend Cascade Stratacom (now
Cisco)
2 3Com Cisco NIL NIL
3 Bay Networks U.S. Robotics NIL NIL
4 HP Gandalf NIL NIL
Highly Newbridge NIL Alcatel* Alcatel*
Rated Cabletron Newbridge Cascade
Nortel Fore Systems
Siemens* Newbridge
Stratacom (now
Cisco)
*These companies are not included in the sample of the study.
Note: RBOC were asked to rank the importance of networking vendors.
Source: Caroline Robertson and Lee W Doyle, International Data Corporation (IDC) report, March 1997,
"WAN Equipment Sales into and through Public, Private and Internet Service Providers."
Table F-5. Vendor Revenue Rankings in Worldwide Public Sector (Internet),
1966
Vendor Routers ATM Switches Remote Access Frame Relay
Ranking* EquipmentA Switches
1 Cisco Newbridge Ascend Cisco
2 Bay Network Cisco US Robotic Cascade
3 NIL Nortel Cisco, Nortel Newbridge
4 NIL NIL Bay Networks Nortel
*Rankings are based on worldwide marker share.
AThis category includes remote access server and contractors.
Source: Caroline Robertson and Lee W Doyle, International Data Corporation (IDC) report, March 1997,
"WAN Equipment Sales into and through Public, Private and Internet Service Providers."
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Appendix H. Additional Analyses for a Three-year Measure of Social Capital
Table H-1. The Effects of Three-year Social Capital on Technological
Performance, 1991-1996: Simple Probit Estimates
Did the firm win an award within the
first two years?
1 2 3
-0.916*** -0.891*** -0.949***
(0.253) (0.253) (0.312)
Did the firm win an award within the
next two years?
4 5 6
-0.760*** -0.755*** -0.803***
(0.284) (0.287) (0.352)
Closeness Centrality
No. of Repeated Partners
0.029*** 0.021***
(0.005) (0.006)
0.619***
(0.191)
California Location
Massachusetts Location
Texas Location
R&D Investments
Sales Revenues
(
Years in Business
No. of observations
No. of firms
Log-likelihood
Restricted Log-
likelihood
Chi-squared
* p < 0. 1
** p < 0. 0 5
*** p< 0 .0 1
(.) Standard errors in parentheses
0.0004*
(0.0002)
-0. 19E-04
0.13E-04)
0.10OE-03
(0.013)
248
50
-138.33
-166.41
0.0003*
(0.0002)
-0.26E-04*
(0.14E-04)
0.002
(0.013)
248
50
-130.62
-166.41
0.021***
(0.006)
0.657***
(0.207)
0.112
(0.236)
-0.124
(0.253)
-0.859**
(0.341)
0.0004*
(0.0003)
-0.29E-04*
(0. 15E-04)
0.012
(0.014)
248
50
-126.21
-166.41
0.032*** 0.023***
(0.006) (0.007)
1.077***
(0.338)
0.0003
(0.0002)
-0.19E-04
(0.15E-04)
-0.007
(0.015)
198
50
-107.65
-134.96
0.0004
(0.0002)
-0.29E-04*
(0. 17E-04)
-0.004
(0.015)
198
50
-99.87
-134.96
56.15*** 71.58*** 80.39*** 54.62*** 70.15*** 81.23***
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Variable
Constant
0.021***
(0.007)
1.312***
(0.384)
0.199
(0.270)
-0.114
(0.292)
-1.138***
(0.424)
0.0005**
(0.0002)
-0.39E-04**
(0.18E-04)
0.009
(0.017)
198
50
-94.35
-134.96
___ __
-
..... ~... I . . ... ..  II
The Effects of Three-year Social Capital on Technological
Performance, 1991-1996: Random-effects
Variable
Constant
Closeness Centrality
No. of Repeated Partners
Did the firm win an award within the
first two years?
1 2 3
-1.296** -1.181** -1.255*
(0.579) (0.542) (0.670)
0.025*** 0.019** 0.019**
(0.007) (0.008) (0.008)
0.720*** 0.728**
(0.263) (0.285)
California Location
Massachusetts Location
Texas Location
R&D Investments
Sales Revenues
Years in Business
Rho
Standard errors of Rho
No. of observations
No. of firms
Log-likelihood
Restricted Log-
likelihood
Chi-squared
* p<0.1
p < 0.05
** p<0 .0 1O OI
0.0008*
(0.0004)
-0.25E-04
(0.51E-04)
0.025
(0.032)
0.805***
0.203
248
50
-120.03
-138.33
0.0008*
(0.0004)
-0.41 E-04
(0.51E-04)
0.017
(0.029)
0.773***
0.212
248
50
-115.23
-130.62
0.196
(0.588)
-0.202
(0.660)
-1.753**
(0.843)
0.0008*
(0.0004)
-0.44E-04
(0.52E-04)
0.035
(0.033)
0.759***
0.236
248
50
-112.19
-126.21
Probit Estimates
Did the firm win an award within the
next two years?
4 5 6
-0.913 -0.899 -0.984
(0.609) (0.628) (0.799)
0.034*** 0.024*** 0.024**
(0.009) (0.009) (0.001)
1.623* 1.790
(0.926) (1.160)
0.0009
(0.0005)
-0.40E-04
(0.55E-04)
0.0003
(0.032)
0.793***
0.246
198
50
-95.27
-107.65
0.001*
(0.0006)
-0.62E-04
(0.74E-04)
-0.0004
(0.033)
0.796***
0.275
198
50
-88.79
-99.89
0.344
(0.642)
-0.409
(0.733)
-2.261*
(1.162)
0.001*
(0.0006)
-0.74E-04
(0.82E-04)
0.025
(0.036)
0.778***
0.286
198
50
-84.63
-94.35
36.60*** 30.77*** 28.04*** 24.76*** 22.19*** 19.44***
(.) Standard errors in parentheses
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Table H-2.
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Table H-3. The Effects of Three-year Social Capital on This Two-year
Technological Performance, 1991-1996: Logit Estimates with Firm
Dummies
Did the firm win an award within the first two years?
Variable 1 2 3 4 5 6
Firm Dummies Non Sig. Non Sig. Non Sig.
Closeness Centrality 0.049*** -0.014 0.035*** -0.017
(0.009) (0.025) (0.001) (0.025)
No. of Repeated Partners 1.039*** 0.517(0.333) (0.636)
R&D Investments 0.001*** 0.0006 0.0006* 0.0007 0.0006* 0.0007
(0.0003) (0.001) (0.0003) (0.001) (0.0003) (0.001)
Sales Revenues -0.42E-04* 0.62E-04 -0.34E-04 0.47E-04 -0.48E-04* -0.21E-05
(0.23E-04) (0.0002) (0.23E-04) (0.0002) (0.24E-04) (0.0002)
Years in Business -0.019 1.009*** -0.002 1.057*** 0.001 1.036***
(0.021) (0.237) (0.023) (0.255) (0.023) (0.256)
Constant -0.099 -28.34 -1.524*** -28.598 -1.466*** -28.707
(0.318) (823.06) (0.439) (826.14) (0.438) (814.50)
No. of observations 248 248 248 248 248 248
No. of firms 50 50 50 50 50 50
Log-likelihood -154.61 -51.84 -137.94 -51.67 -130.39 -51.31
* p< 0 .1
** p < 0.05
*** p < 0 .01
(.) Standard errors in parentheses
Non Sig.: All firm dummies are not statistically significant.
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